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Scheduling resources under limited resources using tailored approaches can 
be done successfully. However, there are situations and problems that 
require a schedule to handle uncertainties dynamically. The changes in the 
environment could lead to a non-optimal schedule, which could lead to the 
wastage of resources. The infeasible schedule could also be an outcome of 
changes that would render the schedule obsolete, and a new schedule must 
be generated. The majority of the scheduling problems are solved by a 
heuristic approach that utilizes a random number generator, thus the 
outcome is not guaranteed to be optimal. Domain transformation approach 
(DTA) is a scheduling methodology that has confirmed its expressive power 
in producing feasible and good quality schedules through avoidance of 
randomness elements as highly used in heuristic approaches. DTA has been 
employed in this study to solve the water irrigation scheduling for urban 
farming. The proposed model was tested on three different datasets. It was 
observed that the costs obtained on all datasets without utilizing the dynamic 
DTA are higher in all instances, which indicates that the solution produced 
by DTA is of higher quality. Thus, dynamic DTA is a more effective way of 
scheduling resources with considering ad-hoc changes. 
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1. INTRODUCTION 


Malaysia is currently one of the most urbanized countries of East Asia and one of the most rapidly 
urbanized regions around the world; over the last ten years, the urban population in Malaysia has increased 
from around 70% in 2009 to 76% in 2019 [1]. Rural population growth is expected to increase as people from 
rural areas migrate to urban areas due to the economy and employment continuing to shift from agriculture to 
industry and services [1], [2]. This shows that agriculture must change concurrently with human lifestyle 


changes. 


Urbanization causes a shortage of land to grow plants. Plus, many Malaysians in urban areas support 
the concept of urban farming as a way to lessen the burden of high living costs [3]. Urban farming provides 
solutions to many traditional farming problems and is one of the major solutions for securing food quantity 
[4]. The economic impact of coronavirus coronavirus disease (COVID-19) on ensuring food security is more 
critical than ever said an academician [5], [6]. Things are changing, and adapting to changes resulted in an 
alternative. Urban farming is a concept that refers to the production of food within cities and around them [2], 
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[3], [7]. Moreover, with the internet of things (IoT) technology, urban farming can be managed automatically 
without human intervention [2]. 

Automation can be done and is easier using the scheduling method. According to the Oxford 
Dictionary, scheduling is an arrangement or plan to take place at a specific time. As for resource scheduling, 
it can be defined as the activity of delivering resources at a particular time that has been pre-determined. 
Some examples of resources include manpower, materials, assets, water, or energy that can be utilized to 
produce advantage or benefit. Scheduling can be a simple problem sometimes, but once many constraints are 
imposed on it, the complexity of the problems could increase. There are many ways to do resource allocation 
or scheduling, but some of the solutions produced are not feasible (or less quality) [8], [9]. 

Resource scheduling can be even more challenging and complex when there are some changes in 
the environment. Examples of famous and widely researched resource scheduling problems include staff 
scheduling, examination scheduling, transportation scheduling, financial allocation and nurse rostering [10], 
[11]. Recently, other resources scheduling problems have attracted researchers’ attention which includes 
irrigation scheduling, urban farming resource allocation [2]. Most of the scheduling problems cannot be 
solved in a reasonable amount of time [12], [13]. Due to its complexity, the scheduling process needs to be 
automated. However, when there are unexpected or ad hoc changes in the environment (for example, change 
of weather, limited resources), the allocation of resources will be interrupted. To react to changes in the 
environment, the scheduling algorithm needs to be adaptive and dynamic. 


2. RESEARCH METHOD 

The urban farming method was synonym with automation since this kind of agriculture was indeed 
a result of modernization. Automation includes resource scheduling as a process to run recurring tasks 
efficiently with minimum cost. Most of the methods for resource scheduling in urban farming did not react 
effectively to changes in the environment [8], [14]-[19]. 

The computational process and the allocation of resources required to complete a specific task or 
production are called resource scheduling. Resource scheduling techniques, in general, will perform well 
when the amount of resources required for the processing is sufficient [20]. However, this is not always the 
case. 

Moving forwards with technology, urban farming needs to align itself with current methods and 
approaches. A reactive algorithm has been used by [13], and it was proven that the algorithm needs to be 
proactive in order to meet dynamic criteria and solve uncertainty. Automation can be hard to micromanage. 
Therefore, there is a need for an algorithm that can handle ad hoc changes dynamically [12]. 

In heuristics, similar problem experiences are used to derive strategies to solve new problems, and 
the base of fundamental heuristics are trial and error approaches to solve the current problems. The majority 
of the heuristics approaches use a random number generator as the base for computation. Thus, the outcome 
is not guaranteed to be optimal or good. This is the main reason that the same heuristic approach that 
generates good solutions for a problem and is applied to other problems will not produce the desired 
outcome. This characteristic is undesirable as there is no way to ensure that the quality of the solution is 
acceptable. 

The heuristic method was also broadly used when it came to scheduling problems. Research done 
using machine learning, ant colony algorithms, particle swarm optimization, and greedy algorithm were all 
doing well under certain circumstances. In a controlled environment, the heuristic can obtain the nearly same 
result. However, results show that the machine learning process took a long time to process and was unable 
to fully optimize resource consumption [20], [21]. 

Since most of the methods are not so consistent and cannot guarantee feasible solutions, motivated 
by domain transformation approach (DTA) [11], [20], [22]-[24], which managed to produce encouraging 
results in many resources scheduling areas as mentioned in the literature, therefore, DTA will be employed in 
this study to solve the resource scheduling problem as the DTA method would simplify the data and then 
obtain new knowledge. Baskaran [10] was using DTA to simplify a complex problem, which can be applied 
in this project in the pre-processing stage. By referring to this model, the research is able to produce a 
dynamic DTA model. 

While heuristic and DTA are both reactive [20], [25], a more capable algorithm has to be proactive 
in determining the solution. This means the algorithm is capable of predicting a situation where it does not 
happen yet. A proactive algorithm is able to adapt to ad hoc changes even with limited resources. Therefore, 
prediction and comparison of data need to be made for readiness. 

Considering a few past studies that proved DTA was capable and produced more feasible results 
[11], [20], [22], it is wise to further enhance the resource scheduling model to one level ahead. Through 
DTA, the original problem domain will be transformed into a much simpler domain that is easy to solve. 
DTA is an approach that will break down the problem into several stages so that it will make the problem 
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looks simpler to be solved systematically. Consequently, the adaptive or dynamic elements will be added to 
the current DTA. 

The proposed flowchart of the process to adapt to ad-hoc changes in the dynamic domain 
transformation approach (DDTA) is illustrated in the following Figure 1. In the proposed DDTA, the 
dynamic element was introduced to the model which is to read the moisture level and determine water 
priority and requirement for a plant to survive. Changes on the parameter, in this case, an average of moisture 
level and moisture level, will always be recalculated. The aggregated data constructs will be updated 
accordingly to ensure that new schedules are generated using priority-based criteria for optimal resource 
allocation, in this case, water distribution. 


Maintain 
Process 


Update 
Recalculate aggregated Reschedule 
data resource data resource 
construct 


Figure 1. Flowchart of the process to adapt to ad-hoc changes in the DDTA model 


2.1. Procedures involved in the DDTA model 

— Step 1: pre-process the IoT data retrieved from urban farming to produce aggregated data construct by 
setting: i) minimum of water requirement, ii) average of soil moisture, and ili) priority ordering of 
plants according to water requirement. Table 1 shows a sample of collected data representing raw data 
and aggregated data representing the information needed to calculate and process the water irrigation. 


Table 1. Collected and aggregated data 


Collected Data Aggregated Data 
Reservoir Water Level _ Moisture | Water Penalty _ Moisture Penalty Sum of water penalty 
1,200 33.4 1,200 56.78 1,2852 
1,047 63.28 1,047 94.92 Average Moisture 
1,000 70.9 1,000 88.625 74.84 
876 70.71 876 88.3875 Sum of moisture penalty 
800 70.17 800 87.7125 5717.60 
Average Water 
367.33 


— Step 2: Schedule by priority ordering allocation of water based on minimum water requirement and 
soils moisture. The moisture and water left in the reservoir are needed to put weight and rules for this 
project. Thus, based on past studies and agriculture facts [14], [26], [27], these were the knowledge 
obtained to calculate whether the plants will be able to survive and produce food or vice versa. New 
information for the domain transformation approach (DTA) was based on this table to filter data and 
calculate cost function. 

According to [26], as portrayed in Table 2, appropriate soil moisture must be between 80-100% 
depending on the type of soil used. Preferably, close to 100% of soil moisture was claimed as the best-case 


Int J Artif Intell, Vol. 11, No. 2, June 2022: 624-631 


Int J Artif Intell ISSN: 2252-8938 im) 627 


scenario. For this experiment and generally, an optimal water level can be considered based on the number of 
plants and crop size, but generally, 500 liters are considered a fair amount [27]. This knowledge is then used 
to calculate through comparison by using the knowledge as a reference, and this research study is expected to 
develop new information and be able to measure and manipulate the algorithm accordingly. 


Table 2. Optimal measurement 
Optimal Moisture _ Optimal Water Level 
80-100% S00labove 


— Step 3: Calculate the cost using a cost function. Using an appropriate range as suggested in Table 3, the 
cost for each dataset was calculated where x represents the number of penalties compounded on the 
calculation and C(x) represents the total water constraint (summation of penalty) from all of the data 
received. The penalty method was also used to minimize constraints. This means value would be added 
whenever constraint is violated. 


Table 3. Penalty range 
Water input range (J) | Water penalty Moisture input range (%) | Moisture Penalty 


500> 1 80> 1 
401-499 1.25 71-79 1.25 
301-400 1.5 50-70 1.5 
201-300 1.7 31-49 1.7 

<200 2 <30 2 


Cost function: 
F=Soil moisture penalty 
V=Water penalty 
P=Number of plants 


C(x) = (F + V)/P (1) 


The dynamic domain transformation model portrayed the process of handling ad-hoc changes. All 
this information can be exploited to a cost function assuming only soil moisture. With cost function, the 
algorithm would be able to dynamically produce an optimal result. Referring to [26], soil moisture would be 
considered optimal around 80-100%. Using this knowledge, this project would be able to establish the cost 
function and penalty method. 


3. RESULTS AND DISCUSSION 

Figure 2 shows three different datasets that were pre-processed using DTA. This method was able to 
pre-process data and establish water priority based on soil moisture level. A higher priority plant would be 
given an optimum amount of water. 

Based on average moisture, the program is able to identify penalties accordingly to give fair water 
irrigation. As stated in Table 3, the cost function would be higher if average moisture were low. Therefore, it 
shows that optimal conditions would handle better water irrigation and decrease wastage because minimal 
water would be needed in a better moisture level, and optimal water would have to be used to maintain 
plants’ health. Both situations are inevitable, but the research is able to point out the condition or situation of 
a place or crops dynamically. 

This proposed model was tested on three different datasets, as shown in Figure 2 (obtained via the 
IoT device in the urban farming) from three different urban farming kits. The irrigation schedules generated 
on all three datasets are considered good, in which water was distributed intelligently to all plants according 
to priority. Plants with less soil moisture were scheduled first to be irrigated, and plants with low priority 
(with more soil moisture) were scheduled later to receive the water. The costs obtained were tabulated in the 
following Table 4. 

The three datasets were then calculated and the results were compared with the results produced by 
the method without using the DDTA. The same cost function was used again to measure the quality of the 
schedule as illustrated in Table 5. It was observed that the costs obtained on all datasets without utilizing the 
DDTA are higher in all instances. This indicates that more penalties are reduced using the proposed DDTA. 
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Dataset 1 
reservoir water level moisture fi Water Penalty [J Moisture Penalty MJ = Water Priority JJ Water Supplied] 

1758 12.5 1758 3516 HIGH OPTIMUM 
104.295 MINIMUM 

104.67 MINIMUM 

102.315 MINIMUM 

102.255 MINIMUM 

101.955 MINIMUM 

104.595 MINIMUM 

104.52 MINIMUM 

95.805 MINIMUM 

104.16 MINIMUM 

98.805 MINIMUM 

103.575 MINIMUM 

516 OPTIMUM 


Dataset 2 
reservoir water level] moisture Water Penalty J Moisture Penalty © Water Priority J Water Supplied | 

1292 11.33 1292 2584 HIGH OPTIMUM 
11.28 1750 HIGH OPTIMUM 

OPTIMUM 

OPTIMUM 

OPTIMUM 

OPTIMUM 

MINIMUM 

MINIMUM 

OPTIMUM 

OPTIMUM 

OPTIMUM 

OPTIMUM 


OPTIMUM 


_ OPTIMUM _ 
OPTIMUM 
| OPTIMUM 
87.7125 OPTIMUM 
88.2 OPTIMUM 
104.67 OPTIMUM 
104.295 OPTIMUM 
89.2375 OPTIMUM 
89.175 OPTIMUM 
89.175 OPTIMUM 
88.9875 | OPTIMUM 
g8125 OPTIMUM 


Figure 2. Three datasets scheduling and priority sample 


Table 4. Costs obtained for three different datasets 
Calculation/Dataset Dataset 1 Dataset 2 _ Dataset 3 
Average Moisture 45.94 11.64 74.84 

Cost Function 702.23 1275.00 562.72 


Table 5. Comparisons of costs between irrigation schedules generated via DDTA and without DDTA 


Calculation/Dataset Dataset 1 Dataset 2 Dataset 3 
Cost function for irrigation schedule using DDTA under limited water resource 702.23 1275 562.72 
Cost function for irrigation schedule without DDTA (Normal IoT Urban 1006.88 1331.29 571.56 


Farming) under limited water resource 
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Under limited water resources, it is important to ensure that the water is utilized efficiently and 
distributed intelligently according to priority to avoid water wastages and starving situations in any plants. 
Based on the above results, the lower the cost function would be better as the plants would have better soil 
moisture levels, thus, able to live healthily. Thus, it can be concluded that DDTA is a more effective way of 
scheduling resources with the possibility of ad-hoc changes. 


4. CONCLUSION 

The dynamic domain transformation approach proves that a complicated scheduling and irrigation 
issue could be solved effectively because the problems were translated into something simpler and clearer to 
understand. It is believed that the outcome of this research was able to enhance water scheduling/irrigation 
for better and optimal results. The DDTA is robust enough to address new requirements, in our situation, the 
ability to adapt to ad-hoc changes that are introduced to the system. 
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